Mapping the complex biogeography of microbial communities in situ with high taxonomic and spatial 13 resolution poses a major challenge because of the high density and rich diversity of species in 14 environmental microbiomes and the limitations of optical imaging technology. Here, we introduce 15 High Phylogenetic Resolution microbiome mapping by Fluorescence In-Situ Hybridization (HiPR-16 FISH), a versatile and cost-effective technology that uses binary encoding and spectral imaging and 17 machine learning based decoding to create micron-scale maps of the locations and identities of 18 hundreds of microbial species in complex communities. We demonstrate the ability of 10-bit HiPR-19 FISH to distinguish 1023 E. coli strains, each fluorescently labeled with a unique binary barcode.
INTRODUCTION
Microbial communities often exhibit rich taxonomic diversity and exquisite spatial organization (1-4).
HiPR-FISH implements a two-step hybridization scheme, with a first step that uses taxon-specific 16S number of flanking sequences per probe sequence is limited to two, and n-bit encoding with n>2 is achieved 1 with a mixture of probe sequences targeting the same rRNA species. Unlike previous approaches that have 2 used species specific probes tagged with fluorophores (11, 12) , HiPR-FISH uses unmodified probes that 3 can be synthesized with array technologies, leading to a much lower cost per assay design (Fig. 1B ).
5
To apply HiPR-FISH to quantitative analyses of environmental microbial communities with single-cell 6 resolution, we developed a routine for automated image segmentation that overcomes the challenges 7 inherent to delineating single cells in microbiomes, including the significant cell-to-cell variability in 8 fluorescence intensity, and the high density and large morphological diversity of microbial cells. The 9 routine, inspired by computer vision approaches to image enhancement, leverages the information 10 contained in directional intensity profiles around a given pixel or voxel to reduce the global dynamic range 11 in fluorescence intensity and enhance edge contrast. Segmentation at the single cell level after HiPR-FISH 12 enabled quantitative physical analysis of microbial species in the human oral plaque microbiome and 13 enabled to unravel single-cell spatial adjacency networks. We used HiPR-FISH to study the spatial 14 architecture of the mouse gut microbiome and found that antibiotics induce marked changes in both 15 abundance and spatial organization. 16 17
RESULTS

19
Implementation of HiPR-FISH
20
For the practical implementation of HiPR-FISH, we used barcodes comprised of up to ten fluorophores 21 with distinct optical excitation and emission spectra, creating up to 1023 unique combinations (2 10 -1,
22
Supplementary Figure 3 ). We barcoded cells using the two-step hybridization scheme detailed in Figure   23 1A, and recorded the barcode spectra using a standard confocal microscope. For each cell, we concatenated 24 spectra measured sequentially using five excitation lasers, averaged the spectra measured across all pixels 25 within a cell (Fig. 1C) , and decoded the cell barcode using a custom machine-learning classifier. For 26 classification, we first used Uniform Manifold Approximation and Projection (UMAP) to project spectra 27 onto two dimensions ( Supplementary Figure 3) . A custom excitation-channel-wise cosine distance kernel 28 in UMAP achieved clean separation of all barcodes (Fig. 1D) . A support vector machine (SVM) trained on 29 the two-dimensional representation of pure reference spectra was then used for de novo barcode prediction.
30
To account for variable ribosomal density in cells from different taxa in more complex systems such as 31 dense environmental biofilms, we use physical models that model Förster Resonance Energy Transfer to 32 refine training spectra. To generate training data for the classifier, we measured the emission spectra for 33 each barcode individually. For HiPR-FISH with 10 fluorophores or bits, this required the generation of 34 1023 E. coli isolates barcoded with 1023 different barcodes.
36
Proof-of-principle 37
To test the robustness of HiPR-FISH, we characterized predefined mixtures of the 1023 E. coli barcode 38 strains. We first created and imaged a mixture with all barcoded strains present at equal concentration. We 39 imaged 50 135 μm×135 μm fields of view, comprising a total of 71,465 cells ( Figs. 2A-B ). We used the 40 above described machine-learning classifier to determine the barcode among the collection of 1023 possible 41 barcodes that best corresponded to the measured spectrum for each cell. We found that all barcodes were 42 represented in the mixture, and the mean fractional abundance of each barcode was ~0.001, as expected 43 ( Fig. 2C ). We next randomly divided the 1023 aliquots into 8 groups, where each group comprised 127 or 44 128 barcodes, and mixed barcodes in the same group at varying relative abundance, ranging from 0.1✕10 -45 3 to 15.5✕10 -3 . We measured 35,000 to 40,000 single cell spectra across 50 fields of view for each group 46 and quantified the relative abundance of different barcodes in each mixture. We again applied the machine learning classifier to determine the barcode that most likely corresponded to each measured single-cell 48 spectrum. We found close agreement between the expected abundance and the measured abundance across 49 all barcodes, with an average slope of 0.94 and an average R 2 value of 0.87 ( Fig. 2D ). To quantify the
Probe design and synthesis for environmental microbiome imaging 23
HiPR-FISH requires the design of 100s-1000s of unique hybridization probes. To make this problem 24 tractable, we developed and implemented an automated bioinformatic workflow for probe library design 25 ( Supplementary Figure 4) . To inform the design of FISH probe libraries, we generated custom references 26 of full length rRNA genes for each community of interest by PacBio circular consensus sequencing (SMRT-
27
CCS) (13) (see Methods). We grouped 16S sequences for each community by taxon and sequence similarity 28 and generated a consensus sequence for each taxon using usearch (14) . We designed 18-23 bp candidate 29 probes for each consensus sequence using primer3 (15) . We evaluated the specificity of the candidate 30 probes by alignment against the 16S sequence reference using blastn and removed probes with low 31 specificity (see Methods). Finally, each probe was expanded on both ends with 3 bp spacers, readout 32 sequences, and primer sequences for probe synthesis (see Methods, Supplementary Figure 5 ). The 33 hybridization probes were electrochemically synthesized in complex pools on arrays of electrodes.
34
Complex pools of hybridization probes comprised of several thousand unique oligos were PCR amplified 35 and converted to ssDNA for in-situ hybridization, as in Ref. (16) (Supplementary Fig. 5 ).
37
Image processing and single cell segmentation
38
Studies of the biogeography of microbial communities have to date been largely qualitative, with only a 39 few examples of quantitative analyses using coarse-grained approaches (9, 10) . To extract quantitative 40 information with single cell resolution from HiPR-FISH images, we set out to develop streamlined image 41 analysis procedures that require minimal operator input ( Fig. 3, Supplementary Figure 6 ).
43
To identify and segment individual cells, we used the watershed algorithm, which performs well at 44 segmentation tasks, provided that the initial segmentation seed is accurate. The challenge of segmenting 45 densely packed microbes is then reduced to the task of finding a seed image that is closest to the ground 46 truth image. Previous approaches have relied on user-provided parameters and assumptions about morphologies of the objects to be segmented (17, 18) . We tested the performance of these approaches to 48 create single-cell segmentations of oral biofilms but found that they tend to under-segment communities classify each image pixel as belonging to a cell or to the background using information contained in the 1 pixel local neighborhood ( Fig. 3 ). Here, image denoising is first performed using either traditional computer 2 vision approaches such as non-local means (19) (20) (21) , or convolutional neural networks (22, 23) (for samples   3 where independent replicate measurements are available). Denoised images are registered using phase 4 correlation to reduce blurring due to microscope stage drift (24) . Next, for each pixel, the intensity line Next, pixels in the enhanced image are classified into two brightness categories using k-means clustering,
10
where the brighter pixels form the seed image for watershed. To exclude background pixels, a filter mask 11 based on the natural log of the raw intensity of the pixels is applied. Finally, the seeds, the enhanced image, 12 and the background filter mask are used to produce a final segmentation using watershed. We found that 13 this algorithm performs much better at single-cell segmentation of densely packed microbes with diverse 14 shapes and ribosome density than previously reported approaches ( Supplementary Figure 7 ).
16
Spatial organization in environmental microbiomes 17 We next applied HiPR-FISH to create spatial maps of the locations and identities of microbial species in 18 human plaque biofilms. The oral cavity hosts one of the most diverse microbial communities in humans,
19
comprising more than 600 prevalent species (25) . Distinct spatial structures, including "corn cob" 20 structures, formed by spherical cells in consortium with a long filamentous core cell, and "hedgehog"
21
structures have been previously discovered in the oral biofilm. The formation of these spatial structures is 22 thought to be primarily driven by environmental and biochemical gradients, and potentially by metabolic 37 genera, respectively. In experiments with all three HiPR-FISH probe sets, we observed many clusters of 38 cells from the genus of Lautropia (Fig. 4E ). In each design, spectra of Lautropia cells are cleanly resolved, 39 and are classified correctly to the assigned barcode. As a further internal control, we compared the sizes of 40 Lautropia cells detected using each design. We found that the cell sizes were consistent across all three 41 different HiPR-FISH probe sets ( Fig. 4F ).
43
In addition to previously reported micro-architectures, we found structures not previously described. For 
45
4G), suggesting the two genera interact metabolically in their native environment. We also observed cells 46 from the genera of Lachnoanerobaculum and Prevotellamassila (Fig. 4H ), which were not targeted by 
50
we observed tight clusters formed by cells from the genus of Actinomyces. While the cell clusters appear to 51 exhibit repetitive structures, Fourier transform of the image of single cell centroids suggests that the clusters 1 are aperiodic, with no apparent short-or long-range order ( Fig. 4I ).
3
In the mouse gut microbiome, spatial relationships between the host and microbe as a whole have been 4 reported. The biogeography of microbes in mock gut microbial communities have also been investigated, 5 in experiments where germ-free mice were inoculated with a predefined consortium of microbes. The 6 biogeography of the native mouse gut microbiome has however not been studied in its full complexity so 7 far. Several studies have used shotgun and 16S rRNA sequencing to show that antibiotic treatment tends to 8 reduce the gut microbiome diversity (28) , but the effect of antibiotic treatment on spatial organization in 9 the mucosa-associated gut microbial community has not been studied. To address these knowledge gap, we 10 set out to create HiPR-FISH maps of the mouse gut microbiome for mice treated with two different 11 antibiotics and controls. We designed two HiPR-FISH probe sets consisting of 115 and 264 probes targeting 12 up to 47 genera. In the colon section from a mouse treated with Clindamycin, we detected cells from the 13 well-studied genus of Bacteroides, as well as cells from the recently discovered genera of describes how the density of objects varies as a function of radial distance from a reference object, and is 18 often used in statistical mechanics to characterize structural features in systems of particles (29) . We
19
observed a slow decay in the PCF for Bacteroides indicating that Bacteroides cells tend to form clusters at 20 short distances (~ 3.3 µm). In contrast, the PCF of Hespellia cells were more consistent with a random 21 distribution. We next measured the distribution of single-cell distances from the mucosal boundary with these three genera and found that Bacteroides are enriched near the boundary, while Hespellia are 23 distributed relatively uniformly (Fig. 5D ). The distribution of Bacteroides cells observed here is consistent 24 with order-level measurements reported earlier in healthy mice (10) . Applying HiPR-FISH to mouse gut 25 tissue, we observed differences in microbiome spatial organization in mice treated with different antibiotics 26 ( Fig. 5E ). Single-cell segmentation enabled us to calculate a region adjacency matrix, and subsequently a 27 spatial association matrix, where each matrix element corresponds to the number of contacts between cells 28 from any given two taxa. Adapting concepts from differential gene expression analysis in transcriptomics,
29
we calculated differential spatial association matrices between mice treated with and without antibiotics 30 (Figs. 5F & G). Using this analysis, we found that antibiotics treatment is associated with specific alterations 31 to the spatial organization in the mouse gut. For example, the spatial associations between Turicibacter and
32
Lactonifactor were reduced in Clindamycin treated mice, while those between Turicibacter and Morella 33 were enhanced in Ciprofloxacin treated mice. Together, these results show the potential importance of 34 considering spatial biogeography, and not just species diversity and abundance, for microbiome analyses.
36
DISCUSSION
38
Our experiments demonstrate that HiPR-FISH is a versatile tool to create spatial maps of microbial 39 communities with high multiplexity. Compared to existing approaches, HiPR-FISH provides a more than 40 tenfold improvement in the number of microbial taxa that can be tagged and identified (11) HiPR-FISH 41 implements a two-step hybridization scheme that was previously exploited to spatially map messenger 42 RNAs in tissues (16, 30, 31) In the context of microbiome mapping, this scheme greatly reduces the cost commercial confocal microscope to decode multi-color barcodes in-situ. A single field of view can be imaged in just 5 minutes, which is much faster than FISH technologies that rely on multiple hybridization and imaging rounds (16) . These experimental advantages make HiPR-FISH compatible with use cases that require fast data acquisition, such as applications in infectious disease diagnosis. For applications that do be considered, to further increase the multiplexity, to improve accuracy through the incorporation of error 1 correction strategies (16) , or to enable localization of bacterial transcripts or mobile genetic elements within 2 HiPR-FISH maps.
4
HiPR-FISH provides a comprehensive framework for measuring microbial spatial organization.
5
Measurements of the biogeography of complex microbial communities can provide deep insight into 6 metabolic interactions between microbes and into interactions between microbes and their host. We expect 7 that HiPR-FISH will have broad applicability in human health. HiPR-FISH can lead to entirely new avenues 8 for investigations of complex microbial populations in the gut, in the oral cavity, or on implanted devices, 9 all known to harbor biofilms. HiPR-FISH can also be applied to study gut-related disorders, such as 10 Inflammatory Bowel Disease, where signaling between microbiota and gut epithelial tissue plays a role in 11 reducing barrier integrity. HiPR-FISH can furthermore enable novel analyses of the role of the microbiota 12 in the initiation and progression of tumors that form at epithelial barrier surfaces, such as colorectal cancer.
13
Last, the quantitative single-cell measurements enabled by HiPR-FISH can become a rich resource for 14 testing soft matter theories that describe physical principles governing microbial community assembly.
16
METHODS
18
Bacterial cell culture. All cultured cells were inoculated from frozen stock stored at -80°C into 4 mL of 19 appropriate growth medium. A loopful of the liquid culture was streaked on an appropriate agar plate. A 20 single colony from the agar plate was finally inoculated into appropriate liquid medium and grown to 
36
Probe design and synthesis. The 16S rRNA sequences for cultured bacteria were generated using Sanger 37 sequencing, while those for environmental samples were generated via PacBio sequencing. Probes were 38 designed using a custom pipeline in python. All tools and packages used in the custom pipeline are listed 39 in Supplementary Table 4 . Briefly, the 16S sequences were grouped by taxon and sequence similarity. A 40 consensus sequence was generated for each taxon using usearch. FISH probes for each consensus sequence 41 were designed using primer3. The probes were then blasted against the database containing all 16S 42 sequences from the community using blastn. A maximum continuous homology (MCH) score was 43 calculated for each blast hit. The MCH score is defined as the maximum number of continuous bases that 44 are shared between the query and the target sequence. Only blast hits above a threshold MCH score are 45 considered significant and used for further analysis. The blast on-target rate and taxonomic coverage were 46 calculated for each significant blast hit. Blast on-target rate is defined as the ratio between the number of 47 correct blast hits and the total number of significant blast hits. The taxonomic coverage is defined as the 48 ratio between the number of significant blast hits within the target species and the total number of sequences 49 for the target species. Any probe with a blast on-target rate of less than 0.99 was excluded from the probe 50 set to avoid ambiguity. For each taxon, the probe with the highest taxonomic coverage was then selected.
Each probe was subsequently concatenated on both ends with 3bp spacers, readout sequences, and primer 1 sequences. The 3bp-long spacers for each probe were taken from the three bases upstream and downstream 2 from the target region on the 16S sequence of the probe. For each probe, all blast hits were examined for 3 potential mis-hybridization sites. For each potential mis-hybridization site, we included a blocking probe 4 that is complementary to the off-target sequence (32) . Blocking probes were not conjugated to any readout 5 sequences, and therefore did not contribute any fluorescent signals. The blocking probes were either 6 purchased separately from Integrated DNA Technologies (www.idt.com) in plate format, or included in the 7 complex oligo pool of encoding probes and purchased from CustomArrays (www.customarrays.com). The 8 complex oligo pool was synthesized following the protocol as previously described (16) . Briefly, the 9 complex oligo pool was PCR amplified to incorporate T7 promoters, in vitro transcribed, reverse 10 transcribed, and purified using ethanol precipitation.
12
HiPR-FISH on synthetic E. coli communities. E. coli cells were grown overnight on LB agar plate. A 13 single colony from the plate was inoculated into 800mL of LB broth supplemented with 40 mL of 1M 14 potassium phosphate buffer and 40 mL of 20% glucose solution. Cells were grown for 7 hours to an OD of 15 1.1. Cultured cells were fixed for 1.5 hours by the addition of 800 mL of 2% freshly made formaldehyde.
16
Fixed cells were aliquoted into 50mL tubes, concentrated by centrifugation at 4000 RPM for 15 minutes, The slides were then fixed in 2% freshly made formaldehyde for 1.5 hours or overnight, washed in 1X PBS 2 for 15 minutes, dipped in pure ethanol, rinsed with pure ethanol, and air dried. Lysozyme digestion, 3 encoding, and readout hybridizations are carried out as described above.
5
HiPR-FISH on mouse tissue. Mice were ordered from Jackson Laboratories and co-housed for 14 days.
6
Mice were sacrificed using CO2 asphyxiation. The entire digestive tracks posterior to the stomach were 7 fixed in Carnoy's solution (60% ethanol, 30% chloroform, and 10% glacial acetic acid) for 48 hours at 8 room temperature. Fixed tissues were rinsed three times in ethanol and stored in 70% ethanol at -20ºC until 9 paraffin embedding and sectioning. Tissues were embedded in paraffin and sectioned to 5 µm thickness.
10
For deparaffinization, tissue sections on glass slides were incubated at 60ºC for 10 minutes, washed once 11 in xylene substitute for 10 minutes, once in xylene substitute at room temperature for 10 minutes, once in 12 ethanol at room temperature for 5 minutes, and air dried. To reduce autofluorescence, deparaffinized slides 13 were washed with 1% sodium borohydride in 1X PBS on ice for 30 minutes, with buffer change every 10 14 minutes, followed by three washes in 1X PBS on ice for 5 minutes each. Slides were briefly dipped in 15 ethanol and allowed to air dry. Lysozyme digestion, encoding, and readout hybridization are carried out as 
23
Flat field correction. To correct for the non-uniformity of the optical system across the field of view, we 
31
Reference spectra measurement and classification. The reference spectrum for each barcode was 32 measured using E. coli cells encoded with the corresponding barcode. For each barcode, " ≈ 300 -500 33 single cell spectra in a single field of view were recorded. For each barcode, the average and standard 34 deviation of the spectra was computed and used to simulate 5000 new spectra. Simulated spectra were used 35 to train a classifier using a combination of support vector machine (SVM) and UMAP ( Supplementary Fig.   36 1). In the first stage, four (7-bit experiment) or five (10-bit experiment) SVMs were trained to ascertain 37 whether there was fluorescence signal in spectral images acquired using each of the lasers, which we refer 38 to as channel signatures. The channel signatures were appended to the spectra as additional features to be 39 used in UMAP projection. In the UMAP projection, we used a custom excitation-laser-wise cosine distance 40 as a measure of distance. Given two spectra, we first compared the channel signatures. Spectra with 41 different channel signature are assigned the maximum distance of 1. For spectra with the same channel 42 signature, four or five (depending on how many excitation lasers were used) cosine distances were 43 calculated, each corresponding to a cosine distance between spectra excited by the same laser. The final 44 distance is the average of all channel-specific cosine distances. For synthetic community and environmental 45 microbiome, reference spectra were simulated using only the spectra of individual fluorophores, taking into 46 account Förster resonance energy transfer (FRET) and effects due to focus drift. For each fluorophore pair, we calculated the Förster distance using the emission spectra of the donor fluorophore and excitation spectra 48 of the receptor fluorophore. To simulate FRET effects between fluorophores, we calculated FRET 49 efficiencies between each fluorophore pair using a random distance between 6 to 10 nm. To simulate effects 50 due to focus drift and potential fluorescence quenching due to interactions between fluorophores and other 51 molecular motifs in the sample, we included a random excitation-laser dependent quenching factor q(lexc) 1 (Supplementary Table 8 ). To simulate background due to off-focus fluorescence signal and potential mis-2 hybridization, we simulated the background signal as the full-strength signal multiplied by 1 -q(lexc). For 3 each barcode, we simulated 2000 reference spectra. The simulated spectra were then trained using the same 4 training architecture as before.
6
Cultured cell imaging. For each field of view, spectral images were collected at five excitation 
11
Biofilm imaging. Biofilms were imaged using the same spectral setting as described above, except for the 12 laser power. All laser powers were changed by a common factor as necessary, to compensate for the overall 
17
Image processing for cultured cells. The spectral classification and image processing pipeline are detailed 18 in Supplementary Figure 1 and 2 , respectively. Briefly, images acquired with each excitation laser were 19 concatenated, registered, and denoised using non-local means or a convolution neural network. Denoised 20 images were segmented using the watershed algorithm. For each cell, an average spectrum was calculated 21 and assigned to the corresponding barcode using the spectra classification scheme described above.
23
Image processing for biofilm samples. Biofilm images were acquired with each excitation laser. For 
31
produce the preprocessed image, the neighbor profile image was voxel-wise multiplied with the (1-quartile 32 coefficient of variation). To distinguish signal pixels from background voxels in the pre-processed image, 33 k-means clustering with k = 2 was used. A binary opening function was applied to the image to remove any 34 residual connections between neighboring objects that have small number of connecting voxels. Any 35 objects that are less than 10 pixels in size were removed, primarily to remove spuriously segmented objects 36 in the background, and binary filling functions were used to fill in any holes in the segmented objects.
37
Finally, the objects in the resulting image were labeled and served as the seed image for the watershed 38 algorithm. To generate a mask image for watershed, the natural log of the raw volume averaged along the 39 spectral axis was computed and k-means clustering with k = 2 was implemented to distinguish cells from 40 the background. The intensity image for the watershed algorithm was simply the raw voxel averaged along 41 the spectral axis. Finally, watershed segmentation was implemented using the intensity image, seed image, and the mask image generated above. 48 Code availability. All scripts will be available on Github. Example structuring elements used in the local neighborhood enhancement algorithm for 3D images. Voxels of a particular color represent a structuring element centered at the voxel of interest along a specific direction. B. An example line profile matrix for a pixel of interest from a 2D biofilm image. Column-wise normalized line profiles enables the calculation of the pixel intensity in the enhanced image. C. Key steps in the image processing workflow. Images are denoised using either a time average or a convolutional neural network and registered. Denoised images are enhanced using our custom local neighborhood enhancement algorithm. Background filter masks were generated using the denoised images. Watershed seeds masks were generated using the locally enhanced image. Finally, the enhanced image, the watershed seeds masks, and the background filter masks are used together to segment the denoised image into individual cells. Figure 1 . Typical workflow of HIPR-FISH. Environmental microbial consortiums are first split into two samples. One sample is used to generate full length 16S amplicon sequences using PCR and PacBio sequencing. The resulting sequence file is used to generate a list of probes, which are purchased from a commercial vendor. The other sample is used for imaging experiments. Fixed samples are hybridized using an encoding hybridization buffer containing the amplified complex probes and read out using a readout hybridization buffer containing fluorescently labeled readout probes. Samples are then embedded and imaged on a standard confocal microscope in the spectral imaging mode. Resulting raw images are registered and segmented. The spectra of individual cells are measured using the raw image and the segmentation and classified using a machine learning algorithm. Finally, classified images can be used for downstream quantitative measurements of microbial spatial associations. Figure 2 . Spectra for the 10 fluorophores used in this study. The spectra were measured using E. coli cells labeled with Eub338 probes conjugated to each of the fluorophores. For each field of view, five excitation lasers are used to sequentially excite the fluorophores. The resulting spectral images are registered and segmented. Single cell spectra are measured using the raw images and the segmentations. Data points in this figure are intensity values averaged over all single cells in the imaged field of view. Error bars correspond to standard deviations of the measured single cell spectra. Figure 3 . Algorithm for barcode classification using Uniform Manifold Approximation and Projection and a support vector machine classifier. For spectra acquired with each laser, we train a support vector machine to decide whether the detected spectra are signal or background. The five-column matrix indicating the presence or absence of signal in spectra acquired with each laser is concatenated with the spectra and sent to a UMAP transform with a custom defined metric. The custom defined metric is defined as the average cosine distance between two spectra acquired using the same laser. A final support vector machine is trained on the two-dimensional UMAP projection of the high-dimensional spectral data. Figure 4 . Schematic of the probe design pipeline. Full length 16S sequences are first grouped by taxa. The consensus sequence for each taxon is used to design probes. Each probe within each taxon is then blasted against the database of full length 16S sequences. Several probe quality metrics are calculated based on the blast results and are used to select probes. All selected probes are conjugated to the appropriate readout sequences, blasted against the database of full length 16S sequences to remove probes with any potential mis-hybridization sites due to the conjugation of the readout sequences. 
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